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Fault Diagnosis of Industrial Boiler based on Dynamic Weighted
Difference Principal Component Analysis

WANG Wen-biao, ZHANG Qian-qian
(College of Marine Electrical Engineering, Dalian Maritime University, Dalian, China, Post Code: 116026 )

Abstract: A novel dynamic weighted differential principal component analysis ( DWDPCA ) was pro-
posed to address the challenges of detecting faults in industrial boilers with dynamic and multimodal char-
acteristics. Firstly, a reasonable time window was established to capture the time sequence characteristics
of the system; then, the first nearest neighbor and its neighbor set in space were searched for the samples
within the time window. The data was transformed into a single-modal structure using a weighted differen-
tial method; finally, the processed data established a PCA model for accurate fault detection. The appli-
cation of the DWDPCA method in an industrial boiler, which has shown promising results in solving the
dynamic time sequence and center drift problems associated with multimodal data, has significantly im-
proved fault detection accuracy.

Key words: industrial boiler, dynamic characteristics, multimodal characteristics, principal component

analysis (PCA) , fault detection
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Fig.2 Scatter and Gaussian distributions of raw data
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Fig. 3 Data scatter and Gaussian distributions after

dynamic weighted difference processing
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Fig. 4 Blower fault detection diagram
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Fig. 5 Sensor fault detection diagram
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